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Abstract

1. Remote sensing (RS) and geospatial sciences already amount to a long history of

fostering research in topics related to ecology. Data and methods have mainly been
subject to research and experiments, but trends are now emerging that suggest the
use of RS in practical applications like nationwide monitoring programs and assist-
ing global conservation goals. However, use of active remote sensing for ecological
and conservation is in its infancy, and the implications of active sensor data, includ-
ing light detection and ranging and radio detection and ranging that mostly deliver
three-dimensional (3D) information, are still relatively primitive and have largely

been limited to indirect use of their extracted proxies for ecological modelling.

. This cross-journal special feature between Methods in Ecology and Evolution,

Journal of Animal Ecology, Journal of Applied Ecology and Journal of Ecology includes
18 papers that include full research papers, reviews and technical applications.
They are mostly novel in either or both their interpretation of proxies derived
from active RS data and the direct usage of 3D RS techniques (terrestrial, air-

borne, UAV borne and spaceborne) to address ecological topics.

. We categorized the published contributions into the following thematic groups,

with some degree of overlap: (i) ecosystem structural analysis by active data (nine
studies); (ii) response of animal populations to climate dynamics as shown by ac-
tive data; (iii) interactive effects of forest structure and wildlife monitoring (five
studies); (iv) forest inventories assisted by active data (one study) and (v) tree type

classification by active data (one study).

. Synthesis. The studies in this Special Feature and trends shown by other recent

works at the interface of ecology and active RS confirm the ongoing shift from
indirect and solely proxy-based approaches to direct and more data-science driven
methods in approaching ecology and conservation problems by means of active
sensors. Relatively affordable and accessible drone and citizen science-based on-
demand active RS data acquisition are becoming common practice, and the future
of sensor development is hypothesized to go beyond the current domination of
very high spatial resolution data and towards multiple spaceborne platforms. These

tools and methods will support spatial upscaling, uncertainty analysis, large-scale
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1 | INTRODUCTION
1.1 | Background

When working on this Editorial, one of its authors tried the artificial
intelligence (Al)-supported Bing® search engine (recently powered by
Generative Pre-trained Transformer-4, GPT-4) by searching ‘the current
trends in remote sensing applications for ecology and ecosystem conser-
vation’. The results could be summarized briefly as the use of remote
sensing data to monitor (1) biodiversity and ecosystem health, (2) land
use and land cover changes, (3) climate change impacts on ecosystems,
(4) invasive species, (5) wildlife populations and (6) water quality and
quantity. The subsequent short chat with the standalone OpenAl-
developed chatbot sought the current Al perception by listing a set of
current trends comprising (1) integration of multi-source data, (2) ad-
vances in applying high-resolution imagery, (3) machine learning and Al,
(4) unmanned aerial vehicle (UAV) applications and (5) citizen science,
each accompanied with a short description on how the trends benefit
from using remote sensing data and methods. A further supplement-
ing of the test by adding ‘active remote sensing’ only marginally added
new useful details, including: (1) modelling ecological niches and habi-
tats and (2) monitoring rewilding projects (via Bing® search engine).
Iterating with the standalone chatbot resulted in a few sensor-related
details like (1) LiDAR for ecosystem monitoring (vegetation structure,
topography and biomass), (2) synthetic aperture radar (SAR) for land
cover mapping, vegetation structure and growth, (3) echo sounding to
study fish populations in aquatic ecosystems, and less-relevant appli-
cations like, (4) interferometric SAR (InSAR) for land deformation and
subsidence and (5) microwave radiometry for soil moisture.

While these tests partly correspond with the general human per-
ception within the remote sensing and ecology communities on ex-
isting trends, some additional fields seem to be under- or overlooked
by both tools, giving a hint that there are ‘applications’ that have not
yet evolved to ‘trends’ or perceptual ‘trends’ and are still at the level
of limited applications. In this Editorial, we illustrate some examples
of such trends that cannot be easily grasped from a quick Al analysis,
and briefly discuss them alongside other more common trends in the
application of active remote sensing in ecology and conversation.

2 | GENERAL AND SPECIFIC TRENDS

The Special Feature ‘Active Remote Sensing for Ecology and
Ecosystem Conservation’ was conceptualized to showcase a

mapping and monitoring of wildlife dynamics, among other topics that can take
advantage of multitemporal/time series data. Nevertheless, access to demanding
and costly very high-resolution data sources may still be maintained and optimized

by establishing international and public-private partnered data pools.

active remote sensing, conservation, ecology, ecosystem structure, LIDAR, RADAR, UAV

part of state-of-the-art advances in the implications of Light
Detection and Ranging (LiDAR) and Radio Detection and Ranging
(RADAR) data and methods for science and practice in vegetation
and wildlife ecology and conservation (summarized in Figure 1).
Itis jointly hosted by Methods in Ecology and Evolution, Journal of
Animal Ecology, Journal of Ecology and Journal of Applied Ecology
and is made up of 18 papers, including 15 original research ar-
ticles, two reviews and one application (software paper). In the
initial announcement of the Special Feature, the focal fields of
active remote sensing data were deemed to comprise ‘those
dealing with forest management, conservation, and ecological pro-
cesses as well as wildlife management, but also embrace particular
applications like and modelling ecological niches and animal habi-
tats through essential biodiversity variables (EBVs) as proxies’ (see
https://besjournals.onlinelibrary.wiley.com/hub/active-remot
e-sensing). This statement was fully and excitingly supported
by the range of papers submitted, and the published papers in
the Special Feature. Of the accepted papers, four are published
in Journal of Animal Ecology, two in Journal of Applied Ecology,
four in Journal of Ecology and eight in Methods in Ecology and
Evolution. When assessing the general trends being covered by
the contributions, a few general (and partly overlapping) trends

can be distinguished, including:

1. Stand-, canopy- and tree-level structural analysis by active RS
data (Atkins et al., 2023; Blanchard et al., 2023; Boucher et
al., 2023; Coverdale & Davies, 2023; Hardenbol et al., 2022;
Schlund et al., 2022; Singh et al., 2023; Tatsumi et al., 2022;
Zhang & Liu, 2023).

2. Climate-mediated response of animal populations (from insects
to ungulates) as investigated by active RS data (Brlik et al., 2022;
Hockridge et al., 2022).

3. At the interface of forest structure and wildlife monitoring
(Davison et al., 2023; Lee et al., 2023; Petersen et al., 2023; Yoh et
al., 2023; Zong et al., 2022).

4. Active data for forest inventory (Knott et al., 2023).

5. Treetype mapping by active remote sensing data (Allen et al., 2022).

However, the above grouping can be regarded as somewhat
fuzzy, as multiple studies could potentially be grouped into more
than one category. Examples are the smartphone application de-
veloped by Tatsumi et al. (2022) for 3D structural measurements,
which could also be regarded as a tool for forest inventory, or the
tree species mapping by Allen et al. (2022), which could also be
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FIGURE 1 Schematic representation of active remote sensing
applications for ecology and conservation. The items include: (1)
satellite navigation on the medium earth orbit (MEO) as the main
backbone of the well-established animal telemetry as well as all
terrestrial, airborne and spaceborne earth observation, which is
currently operated by constellations from global navigation satellite
systems (GNSS); (2) the international space station (ISS) integrating
the global ecosystem dynamics investigation (GEDI) as an example
of spaceborne laser scanning system; (3) airborne laser scanning by
piloted aircrafts; (4) terrestrial laser scanning; (5) Sentinel-1 satellite
as an example of spaceborne synthetic aperture RADAR systems;
and (6) a DJI Matrice-300 RTK with a Zenmuse L1 LiDAR payload
as an example of an unmanned aerial vehicle (UAV)-based laser
scanning system.

grouped in forest structural studies. Research within each of these
groups also engages with the use of disparate data, methods and
research questions. Similarly, multiple groups potentially can be
merged into one broader category. The examples are ‘...forest in-
ventory’, ‘tree type mapping.. and ‘..structural analysis’ groups,
which could potentially be merged. The same applies for ‘climate-
mediated response of animal populations... and “...forest structure
and wildlife monitoring’.

Along with the general trends described, specific trends were
observed in the published contributions that show an emerging tran-
sition from rather indirect and solely proxy-based usage of active
remote sensing derivatives towards more complex applications, that
is, direct estimation of ecological metrics at multiple spatial scales, as
was envisioned by Almeida et al. (2019), Latifi and Valbuena (2019)
and Valbuena et al. (2020). We posit this to be driven by the con-
stantly increasing accessibility and reduced cost-performance ratio
of active data sources from terrestrial to spaceborne platforms. We

show this transition with two examples below:

1. A shift in textbooks from focusing on passive to active re-
mote sensing. Along with introducing the context of ecology
and conservation (e.g. land cover/land use, vegetation, aquatic
and coastal ecosystems, disturbances, landscape fragmentation,
biodiversity), well-known textbooks on remote sensing for ecol-
ogy and ecosystem conservation (e.g. Horning et al., 2010;
Pettorelli, 2013) based their examples and conclusions on
the use of passive, spaceborne remote sensing data (see also
Wegmann et al., 2016). In contrast, more recently published
textbooks have increasingly shifted from optical passive data
processing towards either active data sources like LiDAR (Guo
et al., 2023) or UAVs that are mostly known for carrying ac-
tive/passive 3D sensors (Wich & Koh, 2018).

2. Active remote sensing proxies (e.g. coherency of SAR data and
height/intensity percentiles from LiDAR) have been increasingly
employed to indirectly model or classify ecological entities like
wildlife niches (e.g. Hagar et al., 2020) and ecosystem structure
for habitat suitability or wildlife species diversity (e.g. Bae et
al., 2019; Kortmann et al., 2018). For airborne laser scanning data
there s a clear trend from mainly technical applications in forestry
practice (Maltamo et al., 2014) towards its use in attaining es-
sential understanding of forest ecosystem functioning on scales
never available before. The indirect, proxy-based methods for use
in ecology and conservation practice were thoroughly reviewed
by Simonson et al. (2014). However, the ongoing shift from indi-
rect (implying less complex data processing) to direct (implying
complex data processing) application, presented initially in the
context of 3D remote sensing by Almeida et al. (2019), Latifi and
Valbuena (2019), and Valbuena et al. (2020), is illustrated in the
articles in this Special Feature. Examples include mutual effects
of vegetation structure and fauna (Coverdale & Davies, 2023),
wildfire disturbances and their interaction with habitat structure
(Singh et al., 2023), and optimizing sample size or sampling grids
for measurement of reference ecological data (Knott et al., 2023).
Indeed, almost all the themes previously mentioned by Latifi and
Valbuena (2019) as shaping the future research of 3D remote
sensing (the majority of which being active data sources) were

among the submissions to this cross-journal Special Feature.

The geographical distribution of the studies is presented in
Figure 2. Figure 3 summarizes the keywords of the entire studies in
a word cloud.
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FIGURE 2 Geographical distribution of the sites in which the studies were carried out. Two studies are not included since they either
encompassed large cross-country regions (Brlik et al., 2022) or were conceptual reviews with no geographical region (Coverdale & Davies, 2023).
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FIGURE 3 A word cloud of the most frequent terms from total
164 keywords of the 18 contributions. It includes words that have
been repeated at least twice.

3 | THEMATIC GROUPS BEING COVERED
IN THE SF

3.1 | Stand-, canopy- and tree-level structural
analysis using active RS data

Vegetation structure and structural attributes are important eco-
logical indicators and are listed among the essential biodiversity
variables (EBVs) (Skidmore et al., 2021; Valbuena et al., 2020).
Although encompassing a diverse range of variables, their remote

sensing derivations literally refer to proxies that represent horizon-
tal or vertical distribution of vegetation elements (or their combi-
nation, known as structural complexity), and more particularly for
allometric variables like tree height, standing volume, aboveground
biomass and crown size, which individually or jointly relate to other
ecological phenomena. Terrestrial platforms to collect active data
are apparently the most on-demand and flexible sources, but are still
constrained by the spatial scale of their operation and can only be
used over small sample plots or at single tree level. New LiDAR sen-
sors integrated in Apple® smartphones provide low point densities
of ca. 7 points/m? at closer distances to the targeted object, which
can only reach few metres, in contrast to the very high point densi-
ties produced by tripod-mounted terrestrial laser scanners (TLS) that
can reach ca. 150 points/m? at distances around 2.5 m and still reach
much further distances (Luetzenburg et al., 2021). LiDAR sensors
included in smartphones nonetheless provide an unparalleled op-
erational versatility. Tatsumi et al. (2022) addressed the issue of the
general dearth of free mobile applications for tree measurements
using iPhone and iPad LiDAR sensors and introduced ForestScanner.
The app reliable enables measuring of stem diameters and spatial
coordinates of single trees. Although such built-in laser scanners are
effective at reducing labour, time and financial costs required for
tree measurements at small scale, and in particular by nonexperts
(e.g. citizen scientists), their current applicability still seems to be
limited to trunk-related measurements because the range of an iP-
hone LiDAR is very short (max. 5m). Recent tests of ForestScanner
under various broadleaf tree structural circumstances, that is, sin-
gle- or multi-stem, coppice or high, showed very limited ability to
capture crown details. In general, applications are constrained to
environments containing only neat large trunks.
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Among the nonterrestrial active remote sensing tools, state-
or-the-art UAV-borne active payloads now enable capturing up to
>1000 points/m2 point densities, which is on the way to being ef-
fectively used for ecological applications like restoration (see novel
insights in Robinson et al., 2022). Blanchard et al. (2023) applied
UAV-borne laser scanner data to relate edge effects to forest struc-
ture, composition, function and microclimate, and showed correla-
tions between distance to forest edge and canopy structure. They
also showed how UAV-LIDAR could help in predicting a range of mi-
croclimate, biomass and taxonomic and functional properties at very
high spatial resolutions and relate them to the mediatory effect of
forest edges, derived vertical structural attributes and related them
to height and fractional cover.

In savannas, Boucher et al. (2023) compared multiple UAV-LiDAR
point clouds sampled at various flight altitudes and patterns and sug-
gested flight altitude to be of greater effect than flight pattern on
the derived savanna structural metrics. Although the effect size and
direction were shown to be functions of vegetation type, flying at
higher altitudes was suggested as a trade-off when sampling struc-
tural attributes for practical ecological applications across savanna
ecosystems.

In a broader context, Coverdale and Davies (2023) reviewed
the association between plant diversity and structural complex-
ity as analysed by LIiDAR and RADAR data sources. By testing
the hypothesis of whether more diverse plant communities tend
to be more structurally complex (a common belief, see Walter
et al., 2021) in an active remote sensing context, Coverdale and
Davies showed strong evidence of this relationship to be either
linear or saturating, rather than exponential or negative. However,
the relatively small number of available remote sensing studies
on this topic points to the need for further complementary stud-
ies on both new sensors and data, and within a wider range of
ecosystem types, to answer questions on the direction of this
relationship and whether conservation-related actions like com-
munity restoration could drive structural complexity. Because
the global development of ecosystem structure EBVs (Valbuena
et al., 2020) is currently being operationalized, we recommend
that this research line should be invested in as a priority in the
coming years and shed more light on the relationships between
ecosystem structure and biodiversity. Parallel to testing such
fundamental ecological hypotheses, efforts have also been mov-
ing towards directly deriving required metrics from active data
sources, which can potentially be further applied as inputs for a
wide range of studies in ecology and conservation. In this Special
Feature, Hardenbol et al. (2022) discuss how combining airborne
active LiDAR and passive multispectral data can help in detect-
ing retention trees, an important component for safeguarding
biodiversity of fauna and flora in close-to-nature forestry (e.g.
Fedrowitz et al., 2014). This can be of practical value in, for ex-
ample, Nordic Europe, with country-wide aerial data regularly
acquired by forest services. Hardenbol et al. (2022) achieved
detection rates ranging from 41.7% (dead trees) to 83.8% (living
trees) by applying an individual tree detection algorithm, although

higher omission errors occurred for dead trees with smaller diam-
eters and heights. However, adding spectral metrics from colour
infrared photography did not systematically enhance the overall
accuracies of classifying living conifers, living broadleaves or dead
trees, indicating that the sole use of LIDAR metrics may suffice
for separating retention trees from other trees. In a more general
context for operational LiDAR-assisted forest inventories, Atkins
et al. (2023) discussed the crucial issue of spatial resolution (grain
and extent) over which structural metrics are derived from air-
borne LiDAR and how spatial scale might affect their derivation
across a wide range of forest ecosystem types. The study sug-
gested, however, that multiple spatial grain sizes may suffice for
capturing the optimal scale (shown as the representative elemen-
tary area) of specific groups of forest metrics. For example, a spa-
tial grain between 25 and 75m was optimal for deriving canopy
cover, canopy arrangement, canopy leaf area and canopy com-
plexity, whereas canopy height metrics can best be captured by a
grain size between 30 and 150 m.

Apart from solely using LiDAR data, its fusion with other active
remote sensing data has led to the development of new techniques
for the analysis of ecosystem structure (Valbuena et al., 2020),
particularly since the recent advent of spaceborne LiDAR. While
the launch of ICESat series started in 2003, it was only from 2018
that spaceborne LiDAR—through the NASA's Global Ecosystem
Dynamics Investigation (GEDI) and ICESat-2 missions—has be-
come operational for ecology and conservation. Inter alia, the
photon-counting, large footprint and transect pattern for data ac-
quisition has offered precious sources of 3D information, though
often insufficient for spatially explicit and consistent estimates or
upscaling over large areas. Spaceborne RADAR data offer a com-
plementary source of data, particularly across the tropics. Schlund
et al. (2022) suggested an approach to combine GEDI data with
TanDEM-X polarimetric SAR data via a semi-empirical model for
canopy height estimations over tropical forests and then validated
the results with airborne LiDAR data. A higher and denser vegeta-
tion cover was shown to result in larger errors in the estimation of
canopy height by the applied linear models. However, SAR-based
approaches are generally expected to produce relatively large
errors in canopy height estimations (here the minimum RMSE of
37.5%), which are still somewhat inevitable due to their status as
the only sources of 3D data for deriving wall-to-wall vegetation
structural metrics across tropical landscapes. The Special Feature
also includes a related study by Zhang and Liu (2023), who ap-
plied ICESat-2 Advanced Topographic Laser Altimeter System
(ATLAS) spaceborne LiDAR data to estimate forest height across
boreal ecosystems. Their survey predominantly focused on detail-
ing the common uncertainty problem of photon-counting LiDAR
by means of Cook's Distance, a quality-control approach that was
shown to be effective in cleaning the data and improving its cor-
relation with airborne LiDAR data, thereby enhancing the applica-
bility of ICESat-2 data for structural analysis of boreal vegetation.

Another important research line is on the study of how ecosys-
tem disturbances affect vegetation structure (Bowd et al., 2021);
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LiDAR has already been shown to provide useful proxies to show
these effects (Gough et al., 2022). This also applies for fire, in both
the forms of wildfire and prescribed burning. Singh et al. (2023) took
long-term fixed fire regimes across savanna ecosystems as an exam-
ple and showed how LiDAR data help with understanding the effects
of fire exclusion and experimental burns in 1-6-year intervals. Fire
season was shown to be the most influential factor on aboveground
biomass, where fire occurrences during dry season burn more bio-
mass than those during wet season, regardless of the savanna type.
This effect was shown to be followed by fire frequency, but only

across mesic savannas.

3.2 | Active remote sensing to assess climate-
mediated response of animal populations

Thermal stress induced by climatic changes recently has been re-
ported to undermine animal populations and increase their risk of
extinction (e.g. Duffy et al., 2022; Sergio et al., 2018). Earlier remote
sensing studies have largely focused on vegetation proxies extracted
from optical multispectral data (e.g. Pettorelli et al., 2005), whereas
subsequent studies generally suggested active sources like LiDAR
for relevant tasks like discriminating between human infrastructure
and vegetation, or deriving terrain topography and vertical and hor-
izontal ecosystem structure to characterize animal habitats, which
was still associated with limited accessibility for multitemporal stud-
ies like those related to animal movement (Neumann et al., 2015).
This accessibility has been extensively increased with the launch of
new spaceborne LiDAR devices of ICESat-2 and GEDI, and it is ex-
pected to increase after the launch of Multi-Footprint Observation
LIDAR and Imager (MOLI) in 2024. As for SAR sensors, the launch
of the C-band sensor on board the Sentinel-1 platform has offered
tremendously high amount of data for wildlife monitoring applica-
tions that can also be directly processed via the Google Earth Engine
platform.

This Special Feature showcased two rather advanced applica-
tions. In the first study, Brlik et al. (2022) followed the tactic of using
stable isotopes for animal tracking (see Hobson & Wassenaar, 2019)
but applied sulphur (5%*S) because of its broader longitudinal cover-
age across sub-Saharan Africa. Applying a range of environmental
covariates (including active remote sensing-derived terrain eleva-
tion at 0.8km spatial resolution) resulted in robust models linking
migratory patterns and climatic variability across large scales. In
the second study, Hockridge et al. (2022) examined whether varied
fire regimes over long terms affect mound-building termites across
south African savannas where the size and spatial distribution of the
studied termite mounds were estimated by UAV-LiDAR. Despite
being partly mediated by the site characteristics (nutrients and hu-
midity), they showed that the size and distribution of the mounds
were largely unaffected by fire seasonality and frequency, indicating
that the ecosystem services from termite populations are expected

to be also unaffected.

3.3 | Active remote sensing-derived ecosystem
structure for wildlife monitoring

Information on forest structure provides useful inputs for monitoring
wildlife populations (Helmisaari, 2000) as it helps with deriving prox-
ies on, for example, ecosystem health, biomass and leaf traits that are
related to wildlife presence and abundance (see Pardini et al., 2005
for an example on mammal species). Well-known LiDAR metrics like
canopy cover and height distribution have been widely used to moni-
tor habitat suitability (Guo et al., 2023). Wildlife presence as affected
by forest structure changes has also been investigated by LiDAR
(Lechner et al., 2020). In the collection presented here, active remote
sensing was shown to enable supporting diverse ways to monitor
wildlife. Zong et al. (2022) surveyed how visibility within temper-
ate forest ecosystems, as characterized by combining terrestrial and
airborne LiDAR, and suggested that at fine spatial scales, intermedi-
ate visibility is preferred by red deer Cervus elaphus for their sum-
mer habitat selection. The cumulative viewshed provided by the 3D
LiDAR beams revealed not only the level of preferred visibility, but
also a significant difference between preferred visibilities during day
and night/twilight. A related study by Petersen et al. (2023) showed
how metrics extracted from airborne LiDAR-related fine-scale forest
structure to moose Alces alces in a boreal biome and helped test the
hypothesis that biomass, canopy height and vertical complexity were
all negatively correlated with the presence of moose. The thorough
analysis additionally comprised examining whether the impacts vary
with a set of climatic and disturbance-related factors and suggested
largely uniform responses across multiple test sites distributed over
the boreal biome. This fundamental result supports upscaling the
moose responses from fine to coarse scales.

Habitat suitability, movement ecology and diversity of birds also
can be described by habitat structural metrics derived from active
remote sensing. Davison et al. (2023) suggested a robust correla-
tion between habitat availability and bird assemblage composition.
In the context of active data, they reported the equivalent impor-
tance of vegetation structure and habitat availability to describe
patterns of bird richness across Denmark by combining land cover
maps, structured citizen science data and LiDAR point clouds. The
effect of anthropogenic activities on wildlife was also shown by
Yoh et al. (2023), who used passive acoustic detectors and metrics
from airborne LiDAR to show the effects of logging activities on
tropical native and planted forests. Their results suggested differ-
ent responses of groups of bat species to logging intensities and
the resulting forest disturbances, which provided another complex
ecological use case for active 3D data. Lastly, Lee et al. (2023) com-
bined aerial photography and airborne LiDAR in structural models
to study the effects of fire history and topography on taxonomic
and functional diversities of ant assemblages. Both effects were
supported, and LiDAR-derived vegetation structure was also shown
to be correlated with individual ant traits. Functional and taxonomic
diversities of insect populations were also associated with interac-

tive effects of topography, vegetation structure and disturbance.
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3.4 | Forestinventory assisted by active data

Promoting active remote sensing data, in particular airborne laser
scanning, for forest inventory and analysis dates has been used for
just over 20years (Dubayah & Drake, 2000) and has already been
well-established as an effective tool to be integrated into land-
scape-, regional- and occasionally national-level inventory of forest
allometric attributes. However, the presence of outliers resulting
from remote sensing data processing can reduce the signal-to-noise
ratio, affecting both the mean and standard deviation of the pre-
dicted and spatially upscaled forest attributes (e.g. Li et al., 2022).
The major sources for the presence of outliers include purely sta-
tistical outliers, those related to sampling, and temporal and spa-
tial mismatches between field and remote sensing data (Knott
et al., 2023). Knott et al. (2023) thoroughly reviewed this issue for
aboveground biomass estimation from the US national forest inven-
tory and stated that inclusion or exclusion of outliers may result in
different estimates of mean and standard error of forest biomass.

3.5 | Active remote sensing to support tree
species mapping

Accurate tree species classification and mapping is improving be-
cause of increased availability of multiple remote sensing data,
including LiDAR and RADAR sources (Fassnacht et al., 2016).
Fassnacht et al. (2016) broadly categorized the applications by
remote sensing data source, classification method and spatial
level, whereas Michatowska and Rapinski (2021) focused more
specifically on airborne LiDAR data, and concluded that the ef-
fectiveness of using full-waveform extracted metrics along with
height metrics and machine learning classification could improve
the accuracy of tree species mapping. However, state-of-the-art
and more complex methods like deep learning that enable consid-
ering numerous geometric 3D features are still rarely presented
in the literature. Allen et al. (2022) tested these methods using
terrestrial laser scanning data from a Mediterranean test site and
reported that combining deep learning architecture and TLS 3D
point clouds reduced manual labelling of single tree stems and
solved the problem of individual species identification that occurs
when using TLS data. However, further research is also needed to
test deep learning methods on multi-stem trees or coppice struc-
tures across arid and semi-arid ecosystems, as they add to the
existing complication of using dense 3D point clouds for species

classification at single tree levels.

4 | CONCLUSIONS AND THE WAY
FORWARD

Ecological and conservation implications of active remote sensing data
are rapidly evolving from experimental to operational domains. The
trends and thematic groups covered in this Special Feature are diverse

but are united by their focus on ecosystem structure. Active sensors
are and will remain for the foreseeable future the main source of 3D
information to characterize mainly the vertical, but also the horizon-
tal, structure of any ecosystem (Valbuena et al., 2020). The current
spaceborne active sensor missions will presumably expand in the near
future with the launching and continuation of multiple LiDAR (e.g.
JAXA's MOLI) and RADAR (e.g. NASA-ISRO NISAR) missions, sug-
gesting expansion of large-scale applications that can enhance our
understanding of the relationships between ecosystem structure and
function and help set conservation priorities worldwide. In the mean-
time, ecological and conservation applications at finer spatial scales
also can be effectively supported by the data and knowledge provided

by ecological remote sensing data pools (Latifi et al., 2021).
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